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Summary
Although much theoretical work has been undertaken
to derive thresholds for statistical significance in genetic
linkage studies, real data are often complicated by many
factors, such as missing individuals or uninformative
markers, which make the validity of these theoretical
results questionable. Many simulation-based methods
have been proposed in the literature to determine em-
pirically the statistical significance of the observed test
statistics. However, these methods either are not gen-
erally applicable to complex pedigree structures or are
too time-consuming. In this article, we propose a com-
putationally efficient simulation procedure that is ap-
plicable to arbitrary pedigree structures. This procedure
can be combined with statistical tests, to assess the sta-
tistical significance for genetic linkage between a locus
and a qualitative or quantitative trait. Furthermore, the
genomewide significance level can be appropriately con-
trolled when many linked markers are studied in a ge-
nomewide scan. Simulated data and a diabetes data set
are analyzed to demonstrate the usefulness of this novel
simulation method.
Introduction
In a typical genomewide scan, hundreds of markers are
typed. Because of the lack of independence among these
markers and the uncertainties in inferring the allele-shar-
ing status at a given locus, the determination of the sig-
nificance level of linkage has been an active area of re-
search in human genetics. There appears to be no general
agreement among statistical geneticists on the reportage
of “significant” linkage findings (Lander and Kruglyak
1995; Curtis 1996; Witte et al. 1996).
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The determination of significance levels varies among
linkage programs available to the scientific community,
including LINKAGE (Terwilliger and Ott 1994), SAGE
(SAGE 1998),MAPMAKER/SIBS (Kruglyak and Lander
1995), GENEHUNTER (Kruglyak et al. 1996), and
SIMWALK2 (Sobel and Lange 1996). For example, in
the presence of incomplete information, Kruglyak et
al. (1996) implemented a “perfect-data approximation
method” to estimate significance levels in GENE-
HUNTER. However, Kong and Cox (1997), noting that
this approximation might be unacceptably conservative,
proposed and implemented a one-parameter model that
allows exact calculations of likelihood ratios in GENE-
HUNTER-PLUS. They also noted that, when the infor-
mation is far from complete, obtaining a good approx-
imation without extensive simulation is difficult.
Simulation methods are often used in human linkage
analyses as a substitute for analytical calculations that
are too complex to be done (Ott 1991). They have been
proposed as a means to study Hardy-Weinberg equilib-
rium and linkage equilibrium (Guo and Thompson
1992; Long et al. 1995; Slatkin and Excoffier 1996; Laz-
zeroni and Lange 1997; Zhao et al. 1999), to test dis-
ease-marker associations (Sham and Curtis 1995), to
examine transmission disequilibrium (Morris et al.
1997; Lazzeroni and Lange 1998), to predict the max-
imum LOD score from pedigrees with known pheno-
types (Boehnke 1986; Ploughman and Boehnke 1989),
to estimate genetic risks (Sandkuyl and Ott 1989), and
to approximate the statistical significance level for an
observed test statistic (Ott 1989; Weeks et al. 1990; Da-
vis et al. 1996; Sobel and Lange 1996; Sawcer et al.
1997; Kruglyak and Daly 1998; Guerra et al. 1999).
Daniels et al. (1996) recently used the simulation ap-
proach in a genomewide search of quantitative-trait loci
(QTL) underlying asthma. Generally, genotypes of each
individual in the pedigrees are simulated, and each sim-
ulated sample is subject to the same analysis to derive
an empirical distribution of the test statistic. Although
simulation of genotypes is relatively straightforward, it
can be very time-consuming when simulations are done
conditional on partial pedigree information (Davis et al.
1996). In addition, if linkage analysis is performed with
use of all markers on the same chromosome, such as in
the method implemented in GENEHUNTER, calcula-
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tion of inheritance vector probabilities can also be time-
consuming.
Rather than the simulation of genotypes, permutation
methods have been proposed as a means to derive an
empirical significance level to map QTL in model or-
ganisms (Churchill and Doerge 1994; Doerge and Chur-
chill 1996), as well as in human sib pairs (Wan et al.
1997). In these permutation tests, either the trait values
or the trait differences between sibs are permuted,
whereas the observed genotypes or the observed allele-
sharing between sib pairs is fixed for each permutation.
If certain environmental factors are known to have ma-
jor effects on the trait, all of the trait values have to be
adjusted by these factors before the residuals are per-
muted. However, for pedigrees having more-complex
structures, such as those both with sibships and with
other relative sets, it is not apparent what will be per-
muted, because of the lack of a uniform structure across
the pedigrees. Furthermore, the permutationmethod dis-
cussed by Churchill and Doerge (1994) and by Wan et
al. (1997) is not applicable to certain study designs and/
or test statistics (such as pedigrees consisting of affected
sib pairs and their parents).
Because of the limitations of the existing simulation
methods—both those that are done on the basis of sim-
ulation of genotypes and those that are done on the basis
of simulation of trait values—we propose a novel sim-
ulation method to estimate the significance level of the
observed test statistic. The basic idea of this newmethod
is that, if there is no linkage between a trait and a locus,
then both grandpaternal and grandmaternal marker al-
leles in one parent are equally likely to be transmitted
to the offspring. In our randomization procedure, we
assign grandpaternal and grandmaternal alleles in one
parent to his or her offspring, in such a way that each
simulated sample is equally likely to occur under the
null hypothesis of no linkage. In contrast to the methods
that are done on the basis of simulation of genotypes,
this approach does not need to regenerate each individ-
ual’s genotypes, thus reducing the computation time for
linkage analysis with use of all markers on the same
chromosome. Compared with permutation tests, our
new approach is applicable to arbitrary pedigree struc-
tures and to both qualitative and quantitative traits, pro-
vided that inheritance vector probabilities can be cal-
culated or estimated. Results from our simulation studies
suggest that the randomization method generally has the
correct rate of type 1 error in linkage analysis. This
randomization method has been implemented in a mod-
ified version of GENEHUNTER. For pedigrees of mod-
erate sizes, GENEHUNTER can calculate the exact in-
heritance vector probabilities. However, the space
required for all inheritance vectors is large in large ped-
igrees. It may be prohibitive to calculate all inheritance
vector probabilities, and simulation-based methods may
be used to estimate the inheritance vector distribution.
Our novel simulation method is described in the Meth-
ods section and is evaluated in the Simulations and Ap-
plication sections.
Methods
In this section, we describe how the randomization
procedure generates simulated samples that are then
used to derive an empirical distribution of any test sta-
tistic. Let denote the trait values ofY = (y ,y ,) ,y )1 2 nf
pedigree members, in a pedigree with f foundersn f
(i.e., those individuals whose parents are not in the ped-
igree) and n nonfounders (i.e., those individuals whose
parents are in the pedigree). The trait can be either qual-
itative or quantitative, and the trait values may be miss-
ing for some individuals. Suppose that a subset of the
members in the pedigree has been typed for a set of
markers. The inheritance pattern at each locus x is com-
pletely described by a binary inheritance vector v(x) =
, where if the grand-(f ,m ,f ,m ,) ,f ,m ) f = 0 or 11 1 2 2 n n i
paternal or grandmaternal allele was transmitted to the
ith nonfounder from its father, and if them = 0 or 1i
grandpaternal or grandmaternal allele was transmitted
to the ith nonfounder from its mother (Lander andGreen
1987). There are a total of possible inheritance vec-2n2
tors for a pedigree with n nonfounders. In general, the
actual inheritance vector cannot be uniquely determined
from the marker data, and we need to estimate the prob-
ability of each inheritance vector. There are efficient al-
gorithms to calculate the inheritance vector probabilities
for pedigrees of moderate size (Whittemore andHalpern
1994b; Kruglyak et al. 1996). The inheritance vector
probabilities are independent of the trait values of the
people in the pedigree.
The rationale of our proposed randomization proce-
dure is that, if a locus is not linked to the trait locus,
then the grandpaternal and grandmaternal alleles should
have an equal chance of transmittal to the offspring.
Therefore, fi and mi, in the inheritance vector, have an
equal chance to be 0 or 1 in the ith nonfounder in the
pedigree. We describe our simulation procedure, in or-
der, for single individuals, two full sibs, and general
pedigrees.
One Marker, Single Individuals
For a pedigree with only one nonfounder, the inher-
itance vector has two components (f, m), with four pos-
sibilities: (0,0), (0,1), (1,0), and (1,1). If the inheritance
vector can be uniquely determined, then the randomi-
zation procedure proceeds as follows. We first generate
an indicator vector (rf,rm), where rf and rm have an equal
chance to be 0 or 1. The rf is the indicator of whether,
in the simulated sample, the same grandparental allele
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would be transmitted to this individual, from his or her
father, as is transmitted in the observed sample. If rf is
0, then the same grandparental allele will be present in
the offspring, and if rf is 1, then the other grandparental
allele will be present in the offspring. The rm is similarly
defined for the transmission from the mother to this
person. It is easy to see that the randomization procedure
has an equal chance to generate four inheritance vectors:
(0,0), (0,1), (1,0), and (1,1).
When there are uncertainties in inferring the exact
inheritance vector, let P(00), P(01), P(10), and P(11) denote
the probabilities for inheritance vectors (0,0), (0,1),
(1,0), and (1,1), respectively. From each indicator vector
(rf, rm), each randomization produces a set of new in-
heritance vector probabilities , as follows. If the in-rP(fm)
dicator vector (rf, rm) is (0,0), then the new set of in-
heritance vector probabilities is the same as those
observed. If the indicator vector is (0,1), then the new
set of inheritance vector probabilities is created by the
retention of the f values in the inheritance vectors but
change of the m values from 1 to 0 or from 0 to 1. This
results in andr r r rP = P , P = P , P = P , P =(00) (01) (01) (00) (10) (11) (11)
, where the are the new inheritance vector prob-rP P(10) (fm)
abilities. A new set of inheritance vector probabilities
can be similarly defined if the indicator vector (rf, rm) is
(1,0) or (1,1). If we use the modular arithmetic notation,
we can generally write , wherer rP = P f = (fr r(fm) (f ,m )
, and . The nota-rr) (mod 2) m = (m r ) (mod 2)f m
tion “a(mod N)” represents the remainder of a divided
by N. For addition modulo 2, 0 , 1(mod 2) = 0
, and 2 .(mod 2) = 1 (mod 2) = 0
One Marker, Two Full Sibs
There are a total of 16 possible inheritance vectors
for two full sibs, (f1,m1,f2,m2), and the allele-shar-
ing probabilities between two sibs can be derived from
these probabilities. For example, the probability that the
sib pair share 0 alleles identical by descent (IBD) is
.P  P  P  P(1100) (1001) (0110) (0011)
Suppose that the inheritance vector can be uniquely
determined, and, without loss of generality, suppose that
. We first generate an indicator(f ,m ,f ,m ) = (0000)1 1 2 2
vector , with each component havingR = (r ,r ,r ,r )f m f m1 1 2 2
an equal chance to be 0 or 1. The is the indicator ofrfi
whether the same grandparental allele would be trans-
mitted to the ith sib from its father in the simulated
sample as was transmitted in the observed sample. The
is similarly defined as the indicator for the transmis-rmi
sion from the mother to the ith sib. With the 16 pos-
sibilities for R, the randomization procedure has an
equal chance to generate all 16 inheritance vectors for
(f1,m1,f2,m2). Thus, the probabilities that the sib pair
share 0, 1, and 2 alleles IBD in a simulated sample are
, , and , respectively.1 1 14 2 4
If the true inheritance vector cannot be uniquely de-
termined, then the probability for inheritance vector
(f1,m1,f2,m2) can be represented by . The ran-P(f ,m ,f ,m )1 1 2 2
domization procedure simulates samples as follows: (1)
Randomly generate an indicator vector ( ),r ,r ,r ,rf m f m1 1 2 2
with each component having an equal chance to be 0
or 1. (2) Define a set of “randomized” inheritance vector
probabilities , where ifr rP = P f = f r =r r r r(f ,m ,f ,m ) (f ,m ,f ,m ) 1 1 f1 1 2 2 1 1 2 2 1
, if , and , and are simi-r r r r0 f = 1 f r = 1 m ,f m1 1 f 1 2 21
larly defined (i.e., andr rf = f  r (mod 2) m = m i i f i ii
).r (mod 2)mi
One Marker, General Pedigrees
The generalization of this randomization procedure to
pedigrees of arbitrary structure is straightforward. For
an arbitrary pedigree with n nonfounders, denote the
probability of the inheritance vector (f1,m1,f2,m2,),
fn,mn) by . Each randomization uses anP(f ,m ,f ,m ,), f ,m )1 1 2 2 n n
indicator vector ), to generateR = (r ,r ,r ,r , r ,r )f m f m f m1 1 2 2 n n
a new set of inheritance vector probabilities
= , where if ,r rT T T T T TP P f = f r = 0(f ,m ,f ,m ,),f ,m ) (f ,m ,f ,m ,),f m ) i i f1 1 2 2 n n i1 1 2 2 n n
if , and is similarly defined. Statisticalr rf = 1 f r = 1 mi i f ii
tests can be performed on simulated samples to derive
an empirical distribution under the assumption of no
linkage.
For a locus s on a given chromosome, several mea-
sures have been proposed, in the literature, to sum-
marize the uncertainty in inheritance vectors at this
locus (Kruglyak and Lander 1995; Kruglyak et al.
1996; Teng and Siegmund 1998). For the entropy
measure , introduced by Kruglyak etI (s) = SP log PE i 2 i
al. (1996), where the Pi are the inheritance vector
probabilities, each randomized sample preserves the
amount of genetic information measured by atI (s)E
each locus, i.e., in each simulated sample is theI (s)E
same as that in the observed sample. This is so be-
cause, in each simulated sample, the simulated in-
heritance vector probabilities at each locus are some
permutation of the observed inheritance vector
probabilities.
Multiple Markers, General Pedigrees
In the above discussion, only a single marker was con-
sidered in the randomization procedure. A genomewide
scan usually involves several hundred markers in the
genome. If we are interested only in determining point-
wise statistical significance levels, we may simply apply
the randomization procedure to each point along the
chromosome to estimate statistical significance. How-
ever, hundreds of markers are generally screened in a
genomewide scan, and there is a need to control the
genomewide false-positive rate when these markers, to-
gether with chromosomal locations between thesemark-
ers, are included in a single linkage study.
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Because markers on the same chromosomes are de-
pendent, both theoretical (Feingold et al. 1993; Teng and
Siegmund 1998) and simulation (Churchill and Doerge
1994) methods have been proposed to take this depen-
dence into account to determine genomewide threshold
values. With the simulation procedure, we can use the
test statistics calculated from all of the markers, in the
simulated samples, in different ways to assist our infer-
ence of statistical significance. For example, to determine
the genomewide statistical significance for the largest
observed test statistic Tmax, we may keep track of the
largest test statistic, Timax, from the ith simulated sample
and may estimate the genomewide significance level
from the proportion of times that simulated Timax is
larger than the observed Tmax. Note that, if we focus on
the locus that attains the largest statistic Tmax, we may
miss “secondary” loci. An alternative approach is to
decide on a threshold t for the genomewide statistical
significance level a and then declare that all loci yielding
observed test statistics larger than t are statistically sig-
nificant. Under the simulation procedure, we can set this
genomewide threshold as the 100( ) percentile for1 a
all of the simulated test statistics.
If, in each simulation, we use different indicator vec-
tors to generate simulated samples for markers on the
same chromosome, then the dependent structure of these
markers will be lost. To maintain the dependence among
markers on the same chromosome, for each simulated
sample, we need to use the same indicator vector to
generate new inheritance probabilities for all of the
markers. By application of the same indicator vector to
all markers on the same chromosome, the amount of
recombination and the information on where crossovers
have/might have occurred in each simulated sample re-
main the same as in the observed sample, thereby main-
taining the dependent structure among these markers.
Implementation
The proposed simulation procedure has been imple-
mented in a modified version of GENEHUNTER, to
estimate the statistical significance for linkage at each
position along a specific chromosome. Because both
GENEHUNTER and GENEHUNTER-PLUS produce a
Z score to summarize the statistical significance at each
individual point, our modified program also calculates
a similar Z score, as follows. First, a normalized test
statistic is calculated for each pedigree,Z = (T m)/ji
where m and j are the mean and SD of the simulated
test statistics, respectively. Then, the overall Z score is
calculated as a weighted sum of these normalized test
statistics (i.e., , where ). In the follow-2Z = SwZ Sw = 1i i i
ing analyses, all the weights are set to be equal (i.e.,
), where N is the number of pedigrees in thew = 1/ Ni
sample. When the number of families is large, the ob-
served Z score can be compared with a standard normal
distribution, to estimate the statistical significance level.
Although our simulation studies reveal that this stan-
dardization is best suited to nuclear families, there may
be potential bias for complex pedigree structures, such
as pedigrees involving three or more generations. An-
other source of possible bias is missing genotypes that
cannot be inferred from other people in the pedigree. A
more accurate way to estimate overall significance levels,
from all pedigrees, is through the convolution of the
empirical distributions of all the families, especially
when the sample size is small. We will make the modified
GENEHUNTER program available for the genetics
community after the interface is improved.
Simulations
In this section, we apply the simulation procedure to
the simulated data on a complex trait fromGeneticAnal-
ysis Workshop 10 (GAW10) problem 2A (MacCluer et
al. 1997). GAW10 problem 2 involves a simulated com-
mon disease defined by imposing a threshold, T, on a
quantitative trait, Q1. Every individual with a value of
is defined as “affected.” Q1 is associated withQ1  40
four other quantitative traits (Q2–Q5) and an environ-
mental factor. There are six major genes influencing one
or more of the five quantitative traits (Q1–Q5). There
is one major gene (MG1) on chromosome 5 that ac-
counts for 21% of the variance for Q1. MacCluer et al.
(1997) gave a complete description of the generating
model. Problem 2A consisted of 200 replicates of 239
nuclear families containing 1,164 individuals. These
pedigrees were randomly ascertained, subject to the con-
straint that there be at least two living offspring. A total
of 367 highly polymorphic markers, spaced an average
of 2.03 cM apart on 10 chromosomes, were available
for each individual.
Among the first 100 replicates, there were 576 families
with at least two affected individuals each. We used
GENEHUNTER-PLUS and the modified program to an-
alyze these 576 families. There are two scoring functions
of nonparametric linkage in GENEHUNTER, NPLpairs
and NPLall. NPLpairs simply calculates the number of pairs
of alleles from distinct affected pedigree members that
are IBD. NPLall, introduced by Whittemore and Halpern
(1994a), puts extra weight on three or more affected
pedigree members who are IBD. We used NPLall for our
analysis. For each of the methods, all of the families are
assigned the same weight, to obtain the overall test sta-
tistic Z at the markers. We compare the results from
three different methods: GENEHUNTER, GENE-
HUNTER-PLUS, and the modified GENEHUNTER
program using the randomization test. Each of these
three programs summarizes the statistical significance
against the null hypothesis of no linkage with an overall
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Figure 1 Overall Z scores calculated with GENEHUNTER
(ZGH), GENEHUNTER-PLUS (ZP), and the randomization procedure
(ZR), at six markers on chromosome 3, for the simulated data from
GAW10 problem 2A. A total of 576 pedigrees with two or more
affected individuals each were analyzed.
Figure 2 Overall Z scores calculated with GENEHUNTER
(ZGH), GENEHUNTER-PLUS (ZP), and the randomization procedure
(ZR), at seven markers on chromosome 5, for the simulated data from
GAW10 problem 2A. A total of 576 pedigrees with two or more
affected individuals each were analyzed.
Z score. The significance level can be estimated with use
of , where F(Z) is the cumulative distribution1 F(Z)
for the standard normal distribution. We use “ZGH,”
“ZP,” and “ZR” to denote the overall test statistics cal-
culated, respectively, with use of GENEHUNTER,
GENEHUNTER-PLUS, and the randomization proce-
dure. For the randomization test, 500 randomized
samples are simulated. When all of the markers are used,
the genetic information is almost complete throughout
the genome, and all three methods give very similar re-
sults (data not shown).
In practice, the first round of a genomewide scan usu-
ally involves less densely distributed markers. In figures
1 and 2, we show the results from an analysis using six
markers from chromosome 3 (with average distance of
8.06 cM) and seven markers from chromosome 5 (with
average distance of 7.1 cM). There is no gene on chro-
mosome 3 associated with the disease, and all three
methods give negative results (fig. 1). There is one major
gene (MG1), located 28.7 cM from the left end on chro-
mosome 5. All three methods yield strong signals for a
gene located in the interval D5G13–D5G17–D5G21
(fig. 2). The maximum Z scores are ,Z = 6.33 Z =R P
, and , with corresponding pointwise P6.10 Z = 5.80GH
values of , , and .10 10 91.2# 10 5.3# 10 3.3# 10
Application
Type 1 diabetes, or insulin-dependent diabetesmellitus
(IDDM), is a complex disorder, in which both genetic
and environmental factors contribute to the develop-
ment of the disease. A genomewide scan in affected sib
pairs identified IDDM1 (in the major histocompatibility
complex on chromosome 6p21), IDDM2 (in the insulin-
gene region on chromosome 11p15), and 10 other chro-
mosomal regions with some positive evidence (i.e., P !
) of linkage to IDDM (Davies et al. 1994). Two of.005
these 10 regions are on chromosome 6q, near the mark-
ers ESR and D6S264, and they are named “IDDM5”
and “IDDM8,” respectively. Subsequent studies con-
firmed these two susceptibility genes for IDDM (Davies
et al. 1996; Luo et al. 1996; Delepine et al. 1997; Mein
et al. 1998).
In this section, we apply our modified GENE-
HUNTER program to analyze IDDM data on chromo-
some 6q, reported by Davies et al. (1996). These data
were downloaded from the World Wide Web site main-
tained by the Todd group at Cambridge University (In-
dex of /todd/HumanData/chr6). Among the 299 U.K.
pedigrees examined by Davies et al., 285 are available
at their Web site. Each pedigree has both parents and
two affected sibs. A total of 39 markers were studied in
these pedigrees, to confirm the positive findings from
their previous study (Davies et al. 1994). To mimic a
typical genomewide scan scenario, we consider only the
11 markers studied in the initial genome scan done
by Davies et al. (1994)—namely, D6S308, D6S314,
D6S310, D6S311, ESR, D6S290, D6S441, D6S415,
D6S305, D6S264, and D6S281.
For the affected-sib-pair families, the two scoring
methods in GENEHUNTER—NPLpairs and NPLall—are
equivalent. For each of the methods, all of the families
were assigned the same weight, to obtain the overall test
statistic Z at the 11 markers. For the randomization test,
500 randomized samples were simulated. In figure 3, we
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Figure 3 Observed overall Z scores calculated with GENE-
HUNTER (ZGH), GENEHUNTER-PLUS (ZP), and the randomization
procedure (ZR), at 11 markers on the long arm of chromosome 6. A
total of 285 U.K. diabetes pedigrees were analyzed.
plot the Z scores from these three methods. For this
particular data set, across all of themark-Z 1 Z 1 ZR P GH
ers; therefore, the statistical significance levels for linkage
that are obtained with the randomization procedure are
always smaller than those that are obtained with either
GENEHUNTER or GENEHUNTER-PLUS. The largest
Z score is obtained at D6S281, for all three methods,
as follows: , , and , re-Z = 2.81 Z = 2.41 Z = 2.06R P GH
spectively; the corresponding pointwise P values are
.002, .008, and .02.
Note that the strict inequality amongZ 1 Z 1 ZR P GH
these three methods does not hold for all data sets; for
example, on the basis of its own definition, ZP cannot
be negative, whereas ZR can be !0 when the allele shar-
ing among the affected relatives is less than what is ex-
pected under the null hypothesis of no linkage. However,
both for the IDDM data that we analyze here and for
an alcoholism data set that we have analyzed for the
Genetic Analysis Workshop 11 (Zhao et al., in press),
when , , in most cases, leading to more-Z 1 0 Z 1 ZR R P
significant findings at each individual marker locus, with
use of the randomization test.
This diabetes data set was analyzed on a DIGITAL
Alpha 5/300 workstation. The running time for GENE-
HUNTER-PLUS was 221 s, and the running time for
the new simulation procedure was 231 s. The extra time
needed to perform the randomization test was minimal
when compared with that needed to calculate the in-
heritance vector probabilities for all of the pedigrees in
the sample.
Discussion
Compared with the existing simulation methods, our
proposed simulation procedure has several advantages:
(1) it is applicable to arbitrary pedigree structures, pro-
vided that the inheritance vector probabilities can be
calculated or estimated; (2) it can be applied to study
both qualitative and quantitative traits; and (3) com-
putation is minimal, once the inheritance vector prob-
abilities have been estimated in the original sample. In
addition, the rate of type I error has been found to be
near the nominal level in our simulation studies.
With use of the same test statistic, the randomization
procedure and other methods differ only in the esti-
mation of the statistical significance. Our simulation
studies showed that this randomization procedure has
better power than some methods (e.g., the perfect-data
approximation method in GENEHUNTER) that suffer
from reduced power because of the conservative nature
of their testing procedures.
In our studies using simulated data, the randomization
procedure did as well as or better than alternative meth-
ods in the assessment of the statistical significance. Our
proposed randomization test is based on a set of inher-
itance vector probabilities. Because our current imple-
mentation is limited to GENEHUNTER, we used only
pedigrees of moderate size to map genes for qualita-
tive traits. For large pedigrees, the space of all inheritance
vectors is large, and it may be prohibitive to calculate
all inheritance vector probabilities. Simulation-based
programs, such as SIMWALK2 (Sobel and Lange 1996),
may be used to estimate the inheritance vector distri-
bution. Similarly, our simulation procedure can be im-
plemented to map QTL, with use of pedigrees of arbi-
trary structures.
To facilitate comparison with GENEHUNTER and
GENEHUNTER-PLUS, we calculated a normalized test
statistic Z for each pedigree by applying our simulation
method to nuclear families. However, application of this
standardization to each pedigree may result in bias for
pedigrees with three or more generations. A more direct
estimate of the significance level is obtained by the com-
parison of the observed test statistic summed over all
pedigrees, with the convolution of the empirical distri-
butions for the test statistic from these pedigrees. In ad-
dition, many missing genotypes in a pedigree may also
lead to possible bias in the estimation of the statistical
significance. Because of these possible biases in our ran-
domization procedure, our method must be considered
an approximate simulation method. Although the con-
ditions under which the proposed simulation procedure
is valid are currently being explored, simulation studies
have demonstrated that this procedure generally has ap-
proximately the correct nominal false-positive rates and
should prove useful for linkage studies.
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